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Abstract: This paper evaluates the impact of in-prison educational and vocational programs on recidivism among 
former inmates released from prisons in five different states during 1994. It is the first study to consider this 
particular topic using a subset of nationally representative data. Two sets of microeconometric analyses are 
performed in order to identify potential program effects. Initially, a basic multivariate framework is considered in 
which special consideration is given to problems of program heterogeneity; next, a propensity score matching 
(PSM) approach is used to address the issue of self-selection inherent in observational studies of this kind. The 
findings of this study are twofold. First, in evaluating correctional education programs, it is important to account for 
program heterogeneity not only in the form of mUltiple program types, but also stemming from cross-state 
differences. All ofthe regression analyses performed here indicated that the level of association between recidivism 
and program participation varied according to program type and also across states: participating in educational 
programs was generally found to significantly reduce the risk of recidivist behavior, whereas vocational programs 
had a negative but insignificant association with post-release outcomes. Second, this study underscores the 
importance of addressing issues of self-selection bias when evaluating prison programs and motivates the need for a 
more rigorous methodology. 
1. INTRODUCTION 
The United States has the highest level of imprisonment in the world: as of 2008, one out 
of every 100 adults in America was behind bars, with over 1.5 million individuals incarcerated in 
either state or federal prison and another 785,556 being held in local jails (Bureau of Justice 
Statistics). These numbers are almost triple what they were in 1987, and recent growth 
projections for the prison population predict that it will continue to expand (Warren, p. 5). The 
costs associated with this upward trend in imprisonment are substantial. Although correctional 
spending accounts for only 3.5% of state budgets, expenditures in this category have soared over 
the past two decades, outpacing the growth in any other type of state spending besides healthcare 
(National Association of State Budget Officers, 2003 & 2008). Cumulatively, states spent a total 
of $52 billion on corrections in 2008, and as prisons continue to grow, total correctional 
spending is expected to be $25 billion l higher by 2011 (Warren, p. 13). Faced with these rising 
costs, policymakers remain dedicated to finding effective ways to prevent crime and to slow the 
growth of the prison population. 
Reducing recidivism--an offender's habitual relapse into criminal behavior--is crucial to 
achieving this goal. About 95% of the prison population will ultimately be released, and over one 
million individuals considered to be at risk of returning to prison are on parole each year (BJS). 
Within one year of their release, nearly half of all prison releasees have been rearrested and over 
10% have returned to prison; within three, 67.5% have been rearrested for a felony or serious 
misdemeanor and more than half are back behind bars (Langan & Levin, p. 7). Such high rates 
of recidivism clearly exacerbate the problem of a growing prison population and the increasing 
1 It should be noted that this projection was made in early 2008 and likely overestimates the true increase in 
expenditure. In FY2009, states experienced widespread revenue shortfalls, thus slowing the growth in many 
categories of state budgets, including correctional spending (NASBO, p. 54). 
costs associated with it. In order to slow these trends, it is imperative for policymakers to 
identify effective measures to help keep past offenders out of prison. 
Many of the current strategies focus on back-end policies that target individuals once 
they have been released from prison (Warren, p. 22). However, it is equally important to 
consider what goes on while offenders are still behind bars. With inmates serving an average of 
20 months per incarceration (Langan & Levin, p. 3), there is generally adequate time prior to 
release for the prison system to prepare offenders for reentry and to reduce their risk of 
recidivism. This study thus considers the potential impact of two rehabilitative programs offered 
to prisoners while they are incarcerated: educational and vocational programs. Although 
participating in these programs might have other important benefits, the primary question 
addressed here is whether or not program participation has a significant effect on recidivism. If 
so, there are important policy implications, especially given the current trends of diminishing 
program availability and declining funding (Bazos & Hausman, p. 2). 
This topic has received a fair amount of attention and been the subject of both theoretical 
and empirical analyses across several disciplines. However, relatively few economists have 
contributed to this particular body of research, despite the fact that economic theories of crime 
and econometric methodologies are a natural fit with the hypotheses in question. This paper 
contributes to the existing literature by using microeconometric techniques to address the 
weaknesses of earlier investigations, which have by and large produced inconclusive results. 
The following section gives an overview of the current evidence on the efficacy of these 
programs and the shortcomings of the existing models with reference to other relevant literature 
on recidivism. Next, there is a general discussion of the rehabilitative model of corrections and 
its relation to economic theory. Finally, the latter half of the paper roughly follows the 
framework of an earlier study by Harer (1995) in which two separate sets of analyses were 
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performed: one using multivariate regressions and another considering propensity score methods. 
The fIrst set of analyses gives special consideration to the problem of program heterogeneity, 
while the second addresses the issue of self-selection bias. 
The major fIndings presented in this work are in accordance with those of several prior 
studies. In the multivariate framework, participation in educational programs was found to 
significantly reduce the risk of recidivism, while participation in vocational programs had an 
insignificant effect. The impact was somewhat smaller and slightly less significant when 
controlling for potential cross-state differences in the quality of programs, suggesting that 
program heterogeneity not only across types of programs but also across states is important to 
consider. These results were generally consistent with those found using the propensity score 
approach. After adjusting for potential self-selection bias, participation in educational programs 
still had a significant impact on reducing recidivism in four out of the fIve states examined in this 
study. However, both the size and even the direction of the self-selection effect varied by region, 
providing additional evidence that there are important state-specific differences between 
programs and therefore between their likely impact on recidivism. 
II. LITERATURE REVIEW 
Criminal recidivism is a natural application of microeconometrics. However, the typical 
focus has been quite different than the one of this paper. Economists have mostly geared their 
attention toward the development of better modeling techniques for the prediction of recidivist 
behavior. Split-population models were considered by Schmidt and Witte (1989), while Bierens 
and Carvalho (2007) have more recently explored the use of competing risks models. Very few 
have directly considered the question of program evaluation, and none have done so using recent 
data or at the national level. 
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Indeed, economists' most recent contributions to this area of research were made back in 
the late 1970s and early 80s. One of the fIrst--and to date, one of the only--econometric analyses 
of in-prison rehabilitation programs was conducted by Ann Witte in 1977. She evaluated the 
impact of a work release program on the post-release outcome of ex-offenders by comparing the 
recidivist behavior of program participants with that of non-participants who were equally 
eligible. Her study was among the earliest on this topic to employ a quasi-experimental design 
in an attempt to address the problem of self-selection bias inherent in observational studies. It 
found that program participation did not have a significant impact on an individual's decision to 
return to crime, but that it reduced the severity of their next offense (Witte, 1977). 
Later, Witte coauthored a study of prison-based programs with Schmidt. However, 
rather than focusing on post-release outcomes, they looked at the impact of these programs on in-
prison behavior. Conducting a comprehensive analysis of the California penitentiary system, 
they found that program participation did not have a significant effect on the criminal and violent 
behavior of inmates, despite a considerable amount of anecdotal evidence suggesting otherwise 
(Schmidt & Witte, 1984). However, this might be attributable to the fact that participation in 
educational and work programs was coded into a single variable, effectively masking the 
heterogeneity present across various types of programs. These earlier studies underscore the 
importance of addressing both program heterogeneity and self-selection problems when 
evaluating the impact of correctional education. 
Not surprisingly, the most extensive research on in-prison programs has occurred outside 
the field of economics. However, evidence regarding their effectiveness has been highly 
inconclusive. In 1974, Robert Martinson published a highly influential study establishing the 
"Nothing Works" doctrine. Based on a meta-analysis of all rehabilitative programs offered 
between 1945 and 1967, Martinson' s finding was that there are no effective measures when it 
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comes to rehabilitating prisoners. Many researchers have tried to challenge this conclusion, but 
the numerous studies published since then have only produced mixed and ambiguous results. 
The lack of rigorous methodology and inadequate data records continue to plague the relevant 
literature. Many ofthe studies, particularly those conducted by state agencies, fail to control for 
the effect of multiple covariates, simply computing basic cross-tabulations in order to compare 
recidivism rates between participants and non-participants. Unsurprisingly, these rudimentary 
analyses tend to fmd the largest program impacts, likely due to the fact that they fail to account 
for important confounding variables. 
Perhaps the most rigorous research to fmd evidence of a positive program impact was the 
Three-State Recidivism Study (Steurer, Smith & Tracy, 2001), which looked at the post-release 
outcomes of prison releasees in Maryland, Minnesota and Ohio and found that participation in 
educational programs, independent of other programs, reduces recidivism by as much as 29%. 
Another fairly comprehensive analysis was conducted by Harer in 1995: using both a full 
multivariate framework and a propensity score approach to adjust for potential selection bias, he 
found that participation in prison education programs had a slightly significant effect on 
recidivist behavior. However, as in the study by Schmidt and Witte (1984), Harer failed to 
distinguish between various types of education programs in his analysis, so nothing can be said 
about the relative effectiveness of one program versus another. 
In contrast to these studies, many researchers have failed to fmd evidence that program 
participation has a significant impact on post-release outcomes. Bloom et al. (1994) even 
discover a positive association between vocational programs and the risk of recidivism. A later 
study by Brewster and Sharp (2002), which employed survival analysis in order to examine 
recidivism among prison releasees in Oklahoma, produced similar results. Unlike the other 
approaches cited here, Brewster and Sharp distinguished between two types of interventions in 
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their analysis. Examining the impact of educational programs and vocational-technical programs 
separately, they found that participation in educational programs significantly increased the time 
until recidivism, whereas the impact of vocational programs was found to be insignificant and 
possibly even associated with a shorter survival time until recidivism. However, while their 
study improves upon earlier analyses by distinguishing among different types of programs, it 
does not address the potential problem of self-selection bias. 
Clearly, there is a lack of consistency and rigor across the methodologies employed in the 
existing body of literature, and this may explain why they have produced mixed and ambiguous 
results. Studies that account for program heterogeneity in their models often ignore the problem 
of self-selection bias, while those addressing self-selection issues fail to consider potential 
variations across programs. This paper calls attention to both shortcomings of the existing 
literature and motivates the need for a more rigorous methodology. 
III. BACKGROUND & THEORY 
Rehabilitation has been one of the primary objectives of the prison system since its 
inception, but it was not until the early 1930s that the rehabilitative model of cOlTections gained 
prominence among criminologists and sociologists. Whereas earlier views held that punishment 
and protection should be the top priorities of the cOlTections system, the new model emphasized 
the importance of "restoring offenders to a constructive place in society" (Cole and Smith, 
p.293). Various forms of educational and vocational training were espoused as the best means to 
achieve this goal. The spread of the rehabilitative ideal thus triggered a rapid expansion in the 
number of in-prison programs over the next five decades. General Educational Development 
(G.E.D.) programs were implemented in 32 different states and 25 began to offer college courses 
to prisoners (Gehring, 2001). 
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Today, the attitude towards conectional education is markedly different, especially given 
such ambiguous fmdings about its effectiveness. Following the publication of Martinson' s 
seminal "Nothing Works" essay in 1974, there was a decisive shift away from offender 
rehabilitation as the dominant correctional philosophy (A vio). The rehabilitative model of 
corrections had always been vulnerable to normative objections, but now there were utilitarian 
objections as well: efforts to reform prisoners were seen as useless and wasteful, since "with few 
and isolated exceptions [they have] had no appreciable effect on recidivism" (Martinson). 
Pessimism about the effectiveness of prison-based programs has become more widespread since 
the 1980s, and as a result, prison-based education and vocational programs have fallen out of 
favor in many places (Bloom, 8). Although 90% of state prisons offer some type of correctional 
education and nearly half of all inmates participate in at least one program (Coley & Barton), 
"spending on prison education programs [has fallen even] as prison populations and budgets 
[soar]" (Bazos & Hausman, 2). Throughout the 1990s, the inmate-instructor ratio rose from 66 
to 95 (Coley & Barton). Consequently, access to programs has become more limited as the 
prison popUlation expands while the proportion of staff dedicated to correctional education 
declines. These current trends clearly motivate the need for more rigorous analysis on the 
effectiveness of such programs. Without more decisive evidence that these programs have a 
positive impact, it is likely that the quality and availability of programs will become even more 
strained, especially as the cost of corrections rises and states are faced with difficult budget 
decisions. 
Despite the fact that few economists have contributed to this question, the economic 
theory of crime is a very natural fit with the rehabilitative model of corrections. Since the 
publication of Becker's "Crime and Punishment: An Economic Approach," the rational choice 
model has been used by economists to predict criminal behavior. Potential offenders are 
7 
assumed to be rational utility-maximizers who "consider the probability of being caught and the 
severity of punishment in their decision calculus, as well as the opportunity cost of their time" 
(Kim, 169). A person will engage in crime if the expected utility from such behavior exceeds the 
utility from devoting time and resources to another activity (Becker, 176). Thus, one plausible 
way that program participation might reduce the risk of recidivism is by increasing the 
opportunity cost of a return to criminal behavior. A theoretical model developed by Lochner 
(2004), which showed that developing human capital raises the opportunity cost of crime, 
implies that this may be the case. Indeed, educational and vocational programs are designed to 
improve the economic viability of offenders and to increase their stock of know ledge and 
marketable skills. Ifprograms achieve this goal, then even a slight increase in an inmate' s 
human capital might have a considerable marginal effect on his post-release recidivist behavior, 
especially given the extremely low level of education and work experience characteristic of most 
offenders. 
IV. SAMPLE CHARACTERISTICS 
i. Data 
This paper analyzes a subset of nationally representative data that was compiled by the 
Bureau of Justice Statistics (BJS) using Record of Arrest and Prosecution (RAP) sheets from 
both the FBI and state agencies. In its full form, the dataset kept information on nearly 300,000 
offenders who were released from prisons across 15 different states sometime during 1994. 
Individuals were tracked for the next three years in order to determine whether or not they 
recidivated over the course of the follow-up period. Several different types of recidivist behavior 
were documented, including rearrest, reconviction and reconfmement. However, only the last 
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measure is considered in this study; throughout the paper, recidivism thus refers to whether or 
not individuals returned to prison within three years of their release. 
Unfortunately, only part of the original data is accessible to the public. Still, its value is 
that it is the only nationwide dataset on recidivism in existence, other than a fairly comparable 
one that was put together by the BJS in 1983. In the past, it has been difficult to generalize the 
[mdings of recidivism studies, particularly those considering the evaluation of in-prison 
programs, since they have had to make use of small, isolated samples. This study is unique in 
that it attempts to draw conclusions about recidivism and program impacts across a much larger 
and more diverse sample. 
The available data includes information on 38,624 prison releasees. Only five of the 15 
states sampled for the study recorded information on participation in correctional education 
programs: Florida, illinois, New York, North Carolina and Texas. Since the focus of this study 
is on the evaluation of such programs, the 10 states which did not keep program records had to 
be excluded from the analysis. Furthermore, although the dataset tracked prison releasees of 
both sexes, only males were included in this study. Past research indicates that there is a 
significant difference in recidivism rates between men and women and suggests that females 
ought to be analyzed separately (Brewster and Sharp, 2002). However, women made up only 
6.5% of the BJS sample, so there was insufficient data to consider them in this analysis. After 
parsing the dataset, 11,933 prison releasees remained. Overall, 40.3% returned to prison within 
the three-year follow up period. Recidivism rates varied by region, ranging from 30.7% in 
Florida to 59.6% in New York. A full list of these figures, along with a bar chart illustrating the 
geographical variation in recidivism, can be found in Table 1 of the Appendix (pg. 34). 
The demographic characteristics of the sample were representative of the entire U.S. 
prison population. Blacks made up a slightly larger portion of releasees than whites, at 50.1 % 
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and 45.1 % respectively, and they also had a higher rate of recidivism: 46.8% returned to prison 
sometime during the follow-up period, compared to only 33% of whites. The average age at 
rdease was 33 years, and the recidivism rate was well above average at 45% for individuals 
between ages 18 and 35. These statistics highlight troubling trends which contribute not only to 
the direct costs of recidivism, but also to the indirect costs: growing racial disparities as a 
disproportionate number of blacks are placed behind bars, and high incarceration rates of 
individuals at a prime age for developing human capital and gaining work experience (Cox, 1). 
A more detailed breakdown of individual characteristics is provided in Table 2 
(Appendix, pg. 35). In addition to demographics, information is reported on both criminal 
history and program participation, which will be discussed further in the next section. Nearly a 
third of the sample consisted of sex offenders, while 21.9% were property offenders and 19.0% 
were drug offenders. Recidivism rates were highest among property offenders at 51.5% and 
lowest among sex offenders at 31.8%, two trends which are well-documented in the recidivism 
literature. Individuals had an average of 6.6 prior arrests and were incarcerated for an average of 
29 months for their most recent offense. 
ii. Programs & Program PartiCipants 
Since the focus of this study is on program participation, it is important to understand 
who participates in correctional education programs and what types of programs they participate 
in. "Correctional Education" is an umbrella term encompassing a wide range of programs such 
as job training, college coursework and parenting classes. Although many different kinds of 
programs exist, they are often broadly categorized into two types: educational and vocational. 
The former include things like Adult Basic Education (A.B.E.) classes, G.E.D. certification 
programs and post-secondary education courses. Many prisoners already have significant 
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deficits in educational attainment at the time they are incarcerated, and so programs of this kind 
are intended to improve an inmate's overall level of education and comprehension. By contrast, 
vocational programs are typically skill-oriented programs designed to help prisoners gain 
employment upon release and include things like job training, job counseling, and apprenticeship 
programs. 
In the BJS dataset, all five states that recorded information on program participation kept 
separate records for educational and vocational programs. Participation rates varied across the 
two types of programs, perhaps indicating differences in their quality and/or availability. In all 
five states, participation was higher in educational programs than in vocational programs. 
Overall, 38.2% of the sample participated in an educational program, whereas only 22.8% 
participated in vocational programs. However, as shown in Chart B (Appendix, p. 37), 
participation rates varied across each of the five states, suggesting that there is very likely 
program heterogeneity not only by program type, but also across states. Illinois had the lowest 
participation rates, with 25.5% of inmates participating in educational programs and only 6% in 
vocational programs. The numbers for New York, which had the highest participation rates in 
both programs, were much larger: 79.4% of releasees participated in educational programs, 
whereas 62.2% participated in vocational programs. 
A table detailing the composition of programs by individual characteristics can be found 
in Table 3 (Appendix, p. 36). Compared to whites, a slightly smaller proportion of blacks 
participatedjn both educational and vocational programs. Participation rates did not seem to 
vary considerably by release age or by the number of prior arrests. However, sex offenders and 
violent offenders participated in both educational and vocational programs at much higher rates 
than any other type of offender. 
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Measures of recidivism rates for participants versus non-participants are shown in Table 
2 (Appendix, p. 35). For both types of programs, participants had lower rates of recidivism than 
non-participants. However, this difference was slightly larger in the case of educational 
programs, thus suggesting that these programs might be more effective at reducing recidivism. 
Only 37% of participants in these programs were reincarcerated during the follow-up period, 
compared to 41.8% of non-participants. For vocational programs, 37.7% of participants 
recidivated compared to 39.3% of non-participants. 
V. MULTIVARIATE ANALYSIS 
i. Methodology 
The first step in program evaluation is to specify a multivariate model that controls for as 
many observable differences between participants and non-participants as possible (Harer, 5). 
Since program participation is a non-randomized process, there is always the danger that any 
apparent difference in outcome across the two groups is simply the result of a spurious 
relationship. Suppose, for instance, that individuals who are sentenced to a longer period of 
incarceration are more likely to participate in correctional education programs. Further, suppose 
that they are less likely to recidivate since they may perceive the opportunity cost of crime to be 
higher. If this is the case, then an uncontrolled comparison might reveal a negative relationship 
between program participation and recidivism, even if the true recidivism rate between 
participants and non-participants is the same. By including all relevant covariates that could 
plausibly affect both participation in the program and the post-program outcome, the goal is to 
control for any possible confounding factors, thereby reducing the possibility of drawing an 
erroneous conclusion from the regression results. If the full set of explanatory variables included 
in the regression model perfectly control for all the other determinants of recidivism, then an 
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accurate estimate of the program's impact can be uncovered (Vandenberghe, 5). This section 
thus attempts to specify the richest multivariate model possible given the limits of the available 
data. 
Following the traditional approach to modeling recidivism outcomes, a binary response 
model with an underlying logistic distribution is used here. Let Yi be a dichotomous variable 
denoting whether an individual, i, returned to prison sometime during the three-year follow up 
period (Yi =1) or not (Yi=O). Then, 
1 
Pi = 1 + e-(a + jJXj+Y EDUCPART ;+8 VOCPART ;+Ej) 
or alternatively 
]Ogit(Pi) = ex + f3Xj + y EDUCPARli + 0 VOCPARli + Ej (1) 
is a model which estimates P(YI=llxi, EDDCP ARTi, VOCP ARTi) , the probability that an 
individual recidivates given a vector of explanatory variables Xi and variables indicating 
participation in educational and vocational programs. 
Two different versions of the model are estimated. Both have the same general structure 
as equation I, but they differ in the way that the variables for program participation are coded. In 
the fIrst form, EDDCP ARTi and VOCPARTj are simple binary variables; in the second, they are 
interaction terms that dose program participation by program completion rates. Further 
explanation of these differences and the reasoning behind them is provided in part iii of this 
section. It should be noted, however, that the two forms of the model are identical in every other 
respect. In both cases, the vector Xi includes the same three broad categories of covariates: 
demographic controls, criminal history controls, and release controls. A list of all the regressors 
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and their defInitions is provided in Table 4 of the Appendix (pg. 38). 
The primary measures of interest in this model are the coeffIcients on program 
participation, y and 8. Based on Becker's rational choice model of criminal behavior and 
Lochner's theoretical model for educational attainment and crime, participation in educational 
and vocational programs is hypothesized to reduce recidivism by raising the opportunity cost of 
criminal behavior. Hence, the expected sign of the coeffIcients is negative (y, 8<0). Assuming 
that all other variables and confounding factors have been controlled for, these estimators should 
provide a relatively accurate estimate of the impact that program participation has on recidivism. 
In order to ensure that the most appropriate set of control variables was chosen, reference 
was made to both the relevant theory and prior empirical studies of recidivism. Past literature 
has consistently indicated that different types of offenders have different rates of recidivism. 
Property offenders, drug offenders, and sex offenders were thus separated out using dummy 
variables for several reasons. First, property offenders have been shown to have unusually high 
rates of recidivism; with regard to the economic theory underlying the model, this might be 
explained by the fact that the potential gains from the commission of a property crime are likely 
high enough to outweigh the costs associated with them. Second, drug offenders were separated 
out on the basis of prior studies showing that these individuals might behave differently than 
other offenders (Kim). Finally, a unique variable was included for sex offenders because they 
are typically found to have signifIcantly lower rates of recidivism, despite the popular perception 
that sex criminals are incurable (Arkowitz & LilienfIeld). All the other covariates included in the 
model are fairly standard in the recidivism literature (Schmidt & Witte). 
While most previous studies have merely looked at a single state, a regionally diverse 
sample was considered here. Hence, state dummies were included to control for cross-state 
differences. Other regional factors, such as the number of sworn offIcers per 100,000 people, 
14 
average state unemployment over the follow-up period, and popUlation density, were all 
considered as potential covariates to control for an individual's post-release environment, but 
they were ultimately excluded from the model because cross-state characteristics were too 
similar. 
ii. Recidivism as a Post-Release Outcome 
The post-release Qutcome considered in this analysis is whether or not an individual 
recidivates. As mentioned earlier, three different measures of recidivist behavior were available: 
rearrest, reconviction and reconfinement. Though most recent studies have considered rearrest 
as a measure of recidivism, the last is used here. Arguably, it is the one of greatest interest to the 
economist since it is the most costly of the three measures.2 Nevertheless, using this definition 
makes the questionable assumption that an individual is "rehabilitated" --that is, not engaging in 
criminal behavior--unless he is reincarcerated sometime during the follow-up period. In 
actuality, this may not be the case. Indeed, rearrest and reconviction rates are typically higher by 
as much as 20 to 30%, suggesting that reconfinement rates do not capture the true level of ex-
offenders' return to crime. Furthermore, even rearrest and reconviction measures underestimate 
recidivism due to the fact that criminal behavior is often undetectable by authorities. It is thus 
important to acknowledge that using reincarceration as the definition of recidivism understates 
the actual level of recidivist behavior and therefore overestimates the true rehabilitative impact 
of educational and vocational programs. 
Of course, it should also be kept in mind that recidivism is not the only post-release 
outcome of interest, nor the only potential benefit to be gained from participation in correctional 
education programs. Alternate studies might, for example, consider the impact of program 
2 On average, the annual cost of incarceration is $25,000 per inmate (Warren). 
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participation on the income of prison releasees or on the ability of such programs to reduce 
violence and increase cooperation in prisons. Unfortunately, there is no way to discern these 
effects based on the data or the model used in this study; it is thus possible that participating in 
programs may have important impacts that are not captured in the present analysis. While these 
other potential effects should not be overlooked, the measures considered here are still of 
primary imp011ance, particularly for policymakers looking to reduce recidivism and the soaring 
costs associated with it. 
iii. Program Participation Variables 
Another aspect of the model that deserves explanation is the defInition of the independent 
variables signifying program participation. Earlier studies failed to distinguish between different 
types of correctional education programs in their analysis, thus overlooking the possibility that 
different programs might have different impacts on recidivism. To improve upon this weakness, 
a unique variable for both educational and vocational programs was included in the specifIcation. 
However, two different ways of defIning these variables were considered. 
In the fIrst form of the model, each variable for program participation was simply a 
dummy variable indicating whether or not an individual participated in the program. Coding the 
variables this way allows for separate measurement of each program's impact, but it likely 
overstates the true effect of participation because it fails to account for potential differences not 
only between program types but also across states. Especially given the wide variation in 
program participation and completion, there is reason to suspect that treatment in one state's 
program may not have the same effect as treatment in another state's program. Thus, a second 
fonn of the model was also considered in order to account for program heterogeneity by region. 
In this version of the model, the variables signifying program participation were interaction 
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terms between the dummy variable indicating whether or not an individual participated in the 
program and the program completion rate in the state where the individual was incarcerated. For 
example, an inmate in Texas who participated in both types of programs was coded as .1717 on 
the variable for participation in education programs and .1085 on the variable for participation in 
vocational programs, since educational and vocational programs in Texas had 17.17% and 
10.85% completion rates respectively. Unfortunately, the dataset did not provide any measures 
on the quality of prison programs, so the interaction terms were intended to capture cross-state 
differences in program quality. In essence, they dose the level of treatment: states with lower 
completion rates are assumed to have lower quality progranis, and so participating in a lower 
completion rate is presumed to have less of an effect on potential recidivist behavior. 
iv. Results 
The full regression results are presented in Table 5 of the Appendix (pg. 39): the column 
labeled Model Ia shows the results using a dummy variable to indicate program participation, 
while the column labeled Model Ib shows the results using the interaction term to indicate 
program participation. In both variations of the model, most of the regression coefficients were 
statistically significant predictors of recidivism, as was expected based on the relevant literature. 
The only exceptions were the coefficients on the vocational treatment variable and the drug 
offense variable. 
Age at release, participation in educational programs and supervised release were all 
associated with a significantly lower risk of recidivism, while number of prior arrests and time 
served for the most recent offense were associated with a significantly higher risk of recidivism. 
Blacks were much more likely to recidivate than whites, and releasees who had been 
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incarcerated for a property crime had a significantly higher probability of reconfmement than 
any other type of offender. By contrast, sex offenders were much less likely to recidivate. 
All of the state dummy variables were highly statistically significant in both models. 
Relative to inmates released in Texas, releasees in Florida and lllinois had a significantly lower 
risk of recidivism, whereas releasees in New York and North Carolina had a significantly higher 
risk. Interestingly, of all the variables included in the regression, being released in New York 
had the highest odds ratio: New York releasees were about two times more likely to recidivate 
than inmates who were released in Texas. 
Based on post-estimation analysis of the two models, neither form appears to be superior 
to the other. Indeed, both of the regression models are statistically significant predictors of 
recidivism at the 1 % level. The pseudo R-squared value and the area under the ROC curve did 
decrease slightly in the case of the second model (Charts D & E, Appendix, pg.41), indicating 
that the first form was a slightly better predictive model. However, the change was not 
substantial: the classification trees in Table 6 (Appendix, pg. 40) show that the first model 
correctly predicted recidivism about 65.53% ofthe time versus 65.24% in the second model. In 
both cases, the negative predictive value of the model was slightly higher than its positive 
predictive value: about 67% of the individuals not expected to recidivate were correctly 
classified, whereas only 62% of those predicted to recidivate actually did. Both models were 
thus better predictors of non-recidivism than recidivism, but overall, neither form had 
significantly higher predictive power than the other. This is an important fmding, because it 
means that the second version of the regression, which allows for a program's impact to vary 
across the states, can be used to obtain state-specific estimates without detracting from the 
model's overall predictive ability. 
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Indeed, although the general fmding regarding the impact of correctional education 
programs was the same in both cases, the predicted impact on recidivism varied considerably 
depending on which form of the model was used. In either model, program impact clearly varied 
according to program type. A negative association was found between participation in 
vocational programs and the risk of recidivism, but the effect was not statistically significant. 
On the other hand, educational programs were found to significantly lower the probability of 
recidivism in both models, though the impact was smaller and only statistically significant at the 
10% level in the case of the second model (p = .085). 
Based on the first set of results, individuals who participated in educational programs had 
a 27.6% lower risk of recidivism. However, this estimate likely overstates the true impact, since 
it does not take into account the heterogeneity of program quality across states and assumes that 
participating in one state's educational program has the same effect as participating in another 
state's educational program. Indeed, from the results of the second model, it is clear that the 
estimated reduction in risk changes considerably depending on a state's completion rate and 
presumed program quality: the probability bfrecidivism dropped as little as 5.0% for program 
participants in North Carolina and as much as 13.4% for program participants in Florida. In both 
New York and Texas, participants had an 8.4% lower risk than non-participants. At the average 
completion rate (13.3%), the estimated reduction in recidivism for program participants would be 
about 6.6%. 
VI. PSM APPROACH 
i. Methodology 
The multivariate analysis performed in the previous section provides evidence of a 
negative and statistically significant relationship between participation in education programs 
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and the risk of recidivism. However, it does not establish a causal link; although the multivariate 
approach attempts to control for as many confounding factors as possible, there is still a chance 
that the relationship is actually driven by some unobservable characteristic and self-selection into 
programs. The problem arises due to the fact that this is an observational study. Participation in 
programs is not randomized, so individuals who are more or less likely to recidivate might self-
select into the program, causing participants and non-participants to differ across important 
characteristics and leading to improper identification of the effect of program participation. For 
example, if inmates with a higher level of motivation self-selected into the group participating in 
educational programs, and more motivated inmates had a lower risk of recidivism, then the 
regression analysis performed in the previous section would likely overstate the true impact of 
the program. On the other hand, if iIlIliates self-selected into educational programs in hopes of 
receiving early parole, and these individuals had a higher risk of recidivism, then it is possible 
that the analysis would understate the true effect. Accurately estimating a program's impact and 
establishing causality is thus a problematic task in program evaluation. However, since that is 
the objective of this study, the following section considers a relatively new method for dealing 
with these issues: propensity score matching (PSM). 
The idea behind this technique and the ideas motivating it are rather straightforward. It 
starts with the theoretical premise that a researcher could identify the true effect of a program by 
directly comparing an individual's actual post-treatment result with the counterfactual outcome--
the result that would have occurred if the other treatment option had taken place instead. Of 
course, both of these results cannot be observed in practice. For a particular inmate who 
participated in an educational program, it is impossible to observe what his post-release outcome 
would have been in the case that he had not participated in the program. Similarly, for any given 
non-participant, it is impossible to observe what his post-release outcome would have been ifhe 
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had instead participated in the educational program. Thus, there is no way to directly compare 
an individual's actual outcome with the unobserved counterfactual, and so the true causal effect 
of the program cannot be determined in this manner (Chen & Zeiser, 1). 
Nevertheless, if individuals could be randomly assigned to treatment groups, then 
accurate estimation of a program's impact would still be possible since randomization assures 
that the two comparison groups are, on average, identical in every way prior to participating in 
the program. Indeed, randomized experiments are considered the "gold standard" for 
establishing causality. Unfortunately, such experiments rarely exist in real life and would be 
difficult to carry out in a prison-based setting; moreover, even if they were possible, the decision 
to implement them might stir a lot of ethical debate (A vio). Given that randomization into 
comparison groups is often not realistic in an observational setting like the one in this study, the 
objective of the PSM approach is to create a post hoc control group and treatment group by 
"[ fmding] in a large group of non-participants those individuals who are similar to the 
participants in all relevant pre-treatment characteristics" (Caliendo & Kopeing, 1). Having 
created two distinct groups of individuals that are identical in all relevant characteristics besides 
the fact that one set of individuals received treatment and the other did not, "differences in the 
outcome [between the] control group and [the group] of participants can be attributed to the 
program" (Caliendo & Kopeing, 1). 
When dealing with a large number of variables, matching treated individuals and non-
treated individuals that are identical across all relevant characteristics is difficult to implement in 
practice. Thus, Rosenbaum & Rubin (1983) developed an alternate technique which uses a 
single measure--the propensity score--as the basis of matching. They defmed the propensity 
score, P(D i= liz;), as the conditional probability that an individual i receives treatment D given a 
set of characteristics, Z;, observed prior to treatment. Using a matching algorithm, treated and 
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non-treated individuals with similar propensity scores can then be paired in order to create 
balanced comparison groups. If all relevant variables influencing both selection into the 
treatment and the post-treatment outcome are included in the estimation of the propensity score, 
then matching on the propensity score eliminates the problem of self-selection bias and allows 
for accurate estimation of the treatment effect (MIT, 6). 
This is the basic approach followed here. The treatment to be considered is participation 
in educational programs. Originally, vocational programs were also going to be evaluated, 
despite the fact that they did not appear to have a significant impact on recidivism in the 
multivariate framework. However, it was not possible to create an adequately balanced control 
group and treatment group for vocational programs based on the available pre-observed 
characteristics. Consequently, only educational programs were evaluated using the PSM 
approach. 
To account for program heterogeneity by region, each of the five states in the sample was 
considered individually. First, propensity scores were calculated using a separate binary 
response model for each state. Let Di be a dichotomous variable indicating whether individual i 
participated in an educational program (Di= 1) or not (Di=O). Then, 
(II) 
is a model for the propensity score, or the conditional probability, P(Di= l!zj), that an individual 
participates in an educational program given a vector of explanatory variables Zj. The vector Zj 
included all available pre-observed treatment characteristics like age at confinement and 
expected sentence that might influence both selection into the program and the post-treatment 
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outcome. A full list of regressors included in the propensity score estimation, along with their 
definitions, is provided in Table 7 (Appendix, pg. 42). 
Once the propensity scores were estimated with model II, individuals within each state 
were assigned to a treatment and control group using a matching algorithm known as the caliper 
method. It works as follows: 
For a pre-specified caliper 0>0, treated unit i is matched to a non-treated unit} so that: 
0> I Pi - P j I = min {I Pi - Pk I} 
[Source: Sianesi, 8] 
A non-treated individual} is matched with a treated individual i if and only if two conditions are 
met: first,} must be closer to i than any other non-treated individual k in terms of its propensity 
score, and second, the distance between i and}'s propensity scores must be within a pre-specified 
caliper 0>0.3 If there is no untreated individual} whose propensity score lies within 0 of a treated 
individual i's, then individual i is not matched. The caliper method thus improves the quality of 
matches by ruling out the possibility of pairing individuals whose propensity scores are relatively 
far apart. 
After discarding unmatched units and assigning the others into comparison groups, 
balance between the control group and treatment group was verified using post-matching means 
tests. The control group and treatment group should, on average, be identical across every 
relevant variable. If comparison groups are adequately balanced, the overall program impact can 
then be accurately measured ~ing the average treatment on the treated (ATT). It is computed as 
follows: 
3 Often, .25 times the standard deviation of the propensity scores is used as a caliper, and that is how the caliper was 
chosen for each of the five states in this study. 
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where Y is a dichotomous variable measuring recidivism. 
This is the primary parameter of interest to policymakers in evaluating a program's impact. For 
any given inmate i who participated in the program, it estimates the average expected change in 
recidivism that occurred relative to what their post-release outcome would have been had they 
not participated in the program. 
ii. Results 
The regression results for each state's propensity score models are shown in Table 8 
(Appendix, pg. 42). After running each model, regression diagnostics were performed to make 
sure that no single observation had extreme influence and distorted either the outcome or 
accuracy of the regression. The analog of Cook's distance for logistic regression was computed 
to assess how influential the individual observations were. Out of the five states, only one--
Texas--had an extremely influential observation, characterized by both a high studentized 
residual and a high leverage value. This point is shown in Chart F (Appendix, pg. 43), where it 
is marked with a crosshatch; it had a Cook's D value of .98. The individual corresponding to this 
data point was a 62-year-old African American with 30 prior arrests, most recently convicted of 
a drug offense and sentenced to life in prison with the possibility of parole. Given the unusual 
nature of this observation, it was removed from the dataset and the regression was performed 
again without it. No modifications were made to the four other regressions. 
All five of the propensity score regressions were statistically significant, but the pseudo 
R -squared value ranged from a low of .012 for Texas to a high of .129 for North Carolina, 
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indicating that some of the models were a better fit than others. The coefficient estimates were 
also quite different from one state to the next. No single variable was statistically significant 
across all five regressions, suggesting that there are different processes of selection at work in 
each state. Number of prior arrests was a significant predictor in every model except Florida's: 
in both lllinois and New York, it was negatively associated with participation, whereas it had a 
positive association in North Carolina and Texas. Confinement age was also statistically 
significant in four of the models, with older individuals having a higher propensity to participate 
in Florida and Illinois and younger individuals having a lower propensity to participate in North 
Carolina and Texas. Many of the predictors were insignificant; nevertheless, they were left in 
the model, because "[unless] there is a consensus that [a variable] is unrelated to [the] outcome 
or is not a proper covariate, [ ... ] it is advisable to include it in the propensity score model even if 
it is not statistically significant" (Rubin & Thomas). 
Additional results are provided sequentially in the Appendix on a state-by-state basis. 
For each state, there is a table showing the post-matching means tests, a histogram showing the 
distribution of propensity scores by comparison groups, and a chart showing the computation of 
the average treatment effect on the treated. The results for Florida are shown on pages 44 to 45, 
for lilinois on pages 46 to 47, for New York on pages 48 to 49, for North Carolina on pages 50 to 
51 , and for Texas on pages 52 to 53. 
Within the selected caliper for each state, the matching algorithm was not able to match 
all treated individuals to untreated individuals. The fact that some observations are discarded is 
one of the tradeoffs of using the propensity score method. However, as can be seen by looking at 
the results of the post-means matching tests for each state, this approach was useful for achieving 
balance across almost all of the relevant independent variables in the model. It was particularly 
helpful in the case of Florida, lilinois and North Carolina, where the control group and treatment 
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group were significantly different in almost every respect prior to matching. The following table 
summarizes the differences between the two comparison groups for each state. The first column 
lists the variables that were significantly different prior to matching, while the second lists the 
variables that were still different after matching. 
Variables wi Sig. Diff. Variables wi Sig. Diff. in 
in Means (pre-Matching) Means (post-MatChing) 
Florida All variables except TIMESERV VOCPART 
Illinois All variables except VIOLOFF TIMESERV 
VOCPART 
New York NOPRIOR, SEXOFF, VIOLOFF, VOCPART 
VOCPART 
North Carolina RELAGE, NOPRIOR, PROPOFF, VOCPART, 
SEXOFF, TIMESERV, VOCPART, TIMESERV 
CONDREL 
Texas RELAGE, TIMESERV,VOCPART VOCPART 
Indeed, this table shows that the propensity score matching algorithm successfully 
eliminated most of the significant differences and created comparison groups that were by-and-
large identical across all relevant characteristics. Much of the self-selection bias has thus been 
resolved and a relatively accurate estimation of the treatment effect can be made. 
As in Model Ib from the multivariate framework, program impact varied considerably by 
, ., 
region. After adjusting for self-selection bias, there was still a statistically significant effect in 
four out of the five states. In Florida, the ATI was a 9.4% reduction in recidivism: controlling 
for other variables, recidivism was 9.4% lower for individuals who participated in the 
educational program than it would have been had they not participated in the program. In 
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Illinois, the ATT was 43.4%; in New York, it was 7.4%; and in Texas, it was 4.7%. Only in 
North Carolina was the effect of program participation insignificant. Interestingly, though, the 
change in AIT was actually negative; prior to matching, prograIh participants had an average 
recidivism rate that was 3.4% higher than that of non-participants, but this difference shrunk to 
1.6% after matching. This may be evidence that there is actually negative self-selection bias at 
work: inmates who have a higher probability of recidivism might be self-selecting into programs, 
perhaps out of boredom or in hopes that participating in programs will increase their chance of 
early parole. On the other hand, the self-selection effect appeared to be positive in some of the 
other states: in New York, for instance, the A IT shrunk after matching, and the estimated impact 
was lower than that predicted by the controlled comparison in the multivariate method. 
Of course, it should be noted that in attempting to control for self-selection bias, it is 
possible that hidden bias has actually been introduced and either overstated or understated the 
various estimates of program impact. This is especially true since information on many pre-
treatment characteristics was not observed. The most notable pre-treatment variable on which 
information was lacking is an inmate's prior level of education. Although reports have shown 
that participation in programs is roughly equal across inmates with all levels of education, it is 
still possible that there are significant differences across the treatment and control groups in this 
respect. Since prior education level might also affect an individual's post-release outcome, there 
is thus the potential for hidden bias in this result. Furthermore, it is possible that the true impact 
of participation in educational programs is confounded by the effect of participation in 
vocational programs. Indeed, as the table above showed, the two comparison groups differed in 
levels of vocational participation even after matching in all states except for lllinois. Thus, the 
estimates here may still be biased. If the control group and treatment group are unmatched on 
any relevant characteristic--either observed or unobserved--positively correlated with treatment 
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but negatively correlated with recidivism, then the program impacts here are likely 
overestimated; on the other hand, if they are unmatched on characteristics that are positively 
correlated with both treatment and recidivism, then the estimates will be understated. 
VII. DISCUSSION 
The two sets of analyses in this study illustrate the importance of controlling for program 
heterogeneity and self-selection bias when conducting an evaluation of in-prison correctional 
education programs. Using the multivariate framework, participation in vocational programs 
was found to have an insignificant effect on recidivism, while participation in educational 
programs significantly lowered an individual's risk of recidivism by as much as 27.6%. This 
finding illustrates why it is important to account for program heterogeneity when estimating 
program impacts. Failure to do so might mask the significant effects of one program due to the 
fact that other programs have an insignificant effect. 
'However, this study also provided evidence of state-specific program heterogeneity, 
suggesting that it is important to consider program impacts at a regional level. The following 
table, which compares the estimated program impact based on the three different models used in 
this paper, shows how the predicted program impact varies when regional differences are taken 
into consideration: 
Modellat 
: -:~ i 
ModelIbtt 
Florida -27.6% -12.0% 
Illinois -27.6% -6.0% 
New York -27.6% -8.4% 
North Carolina -27.6% -5.0% 
Texas -27.6% -8.4% 
*** Denotes statistical significance at the I % level; tAlI estimates statisticalIy significant at the I % level. 
** Significance at the 5% level 










Clearly, the last two columns show that program participation in one state does not necessarily 
have the same impact as participation in another state. Given the limited data available, there is 
no way to empirically explain the state-specific differences in programs and their measured 
impacts. Certainly, further research should be done to determine why programs have a much 
greater impact in some states than in others. 
This study obviously motivates the need for better data collection. However, it also 
illustrates the importance of working towards a stronger methodology, even when dealing with 
limited data. In particular, it showed how the PSM approach can run into difficulty in a multi-
treatment setting: even when controlling for self-selection effects, it is hard to separate out the 
true impact of educational programs, since there is another trea~ent--participation in vocational 
programs--occurring at the same time. Thus, there is clearly a need to develop a multiple 
treatment framework that simultaneously addresses the dual problem of program heterogeneity 
and self-selection bias. Some methods exist, but they rest upon assumptions such as 
participation in a single program, which is often not the case in s~ttings to which the propensity 
score method is applied. 
Despite possible improvements, this study still provides compelling evidence with regard 
to the efficacy of correctional education programs. Based on the finding of a significant program 
impact for educational programs, a finding which survived the test of the PSM approach in four 
out of the five states, the current trends of diminishing program aVl:\,ilabilitr and declining 
funding are particularly troubling. On average, while funding for educational programs costs 
only $1,400 annually per inmate, the total yearly cost of incarcerating an offender is $25,000 
(Warren). Investment in educational programs is therefore likely to have positive returns given 
the payoffs that it makes in terms of preventing an individual from returning to prison. Indeed, 
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prior estimates suggest that correctional spending would only need to reduce the reconfmement 
rate by 3% in order to balance out the future savings stemming from cutting correctional 
spending out of the budget (Bazos & Hausman). Since participation can have a positive impact 
on recidivism, the current trends may only exacerbate the problems of expanding prisons and 
rising costs. However, if reductions in spending on correctional education must be made, then a 
reasonable suggestion based on the fmdings of this study would be to allocate whatever funds 
possible to the programs which are effective--educational programs--rather than spending them 
on vocational programs, which do not appear to have a significant effect on recidivism. Most 
importantly, policymakers need to break from the idea that "nothing works" and start identifying 
what works. 
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t Though shown categorically here for an easier comparison of recidivism rates, the age variable included in the regression models (RELAGE) is 
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Chart B: ProgramParticipatioil by Statesf 
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Table 4: 




































1 = Black 
Age at the time of release (in years) 
# of Prior Lifetime Arrests 
1= Propeliy offense lead to the most recent incarceration 
1 = Drug offense lead to the most recent incarceration 
Time served for most recent offence (in months) 
1 = Participated in an educational program sometime during 
most recent incarceration (used in Model Ia) 
Dummy term indicating program participation multiplied by 
the completion rate in educational programs across the 
inmate's state (used in Model Ib) 
1 = Participated in vocational program sometime during 
most recent incarceration (used in Model Ia) 
Dummy term indicating program participation multiplied by 
the completion rate in educational programs across the 
inmate's state (used in Model Ib) 
1 = Conditional release (on parole/supervised release) 
1 = Released in Florida 
1 = Released in Illinois 
1= Released in North Carolina 
1 = Released in New York 
38 
Table 5: Regression Results 
{'ftith z-scores in ~arentheses} 
.. Variables Modella Odds Ratio Modellb Odds~atio 
Constant 1.155*** 1.008*** 
(9.39) (8.11) 
Demographic Controls: 
Race .383*** 1.467 .383*** 1.467 
(8.14) (8.15) 
Age at Release -.056*** .946 -.055*** .947 
(-18.67) (-18.72) 
Criminal History Controls: 
Number of Priors .062*** 1.064 .062*** 1.064 
(15.50) (16.73) 
Property Offense .226*** 1.254 .225*** 1.253 
(3.59) (3.57) 
Drug Offense -.122* .885 -.120 .887 
(-1.82) (-1.79) 
Sex Offense -.107** .899 -.125** .883 
(-2.35) (-2.02) 
Most Recent Time Served .003*** 1.003 .002*** 1.002 
(3.59) (3.28) 
Program Variables: 
Educational Treatment -.323*** .724 -.512* .599 
(-6.33) (-1.72) 
Vocational Treatment -.032 .968 -.306 .736 
(-0.54) (-0.62) 
Release Controls: 
Conditional Release -.238*** .788 -.235*** .790 
(-3.66) (-3.61) 
Florida -.467*** .627 -.401*** .670 
(-6.97) (-6.07) 
lllinois -.341 *** .711 -.288*** .750 
(-4.80) (-3.94) 
New York .724*** 2.062 .675*** 1.964 
(8.62) (7.67) 
North Carolina .264*** 1.302 .305*** 1.355 
(3.67) (4.16) 
Pseudo R-Squared 0.0918*** 0.0887*** 
Log-Likelihood -5,829.64 -5,849.81 
N 9,444 9,444 
*** Denotes statistical significance at the 1 % level 
** Significance at the 5% level 




Model Ia q!ls~ificatiQnTable 
Observed 
Predicted Yes No Total % Correct 
RECIDIVISM Yes 1,790 1,096 2,886 62.02% 
No 2,159 4,339 6,558 67.08% 
Total 3,949 5,495 9,444 65.53% 
Moc;lellb Classification Table 
Observed 
Predicted Yes No Total % Correct 
RECIDIVISM Yes 1,756 1,090 2,811 61.70% 
No 2,193 4,405 6,633 66.76% 
Total 3,949 5,495 9,444 65.24% 
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Charts D and E: 























Area under ROC cUrve = 0.6939 
0 .00 0.25 
Area under ROC curve· 0.6932 
0.50 · 0.75 -
1 • Specificity 
0.50 0.75 1.00 
1 • Specificity 
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Table 7~ Regressors in 
Prol!ensitY Score Model . 
Variable Type Definition 
RACE Dummy 1 = Black 
CONFAGE Continuous Age at start of most recent incarceration (in years) 
CONFAGESQ Continuous Confinement age squared 
RACEAGE Interaction RACE*CONFAGE 
NOPRIOR Continuous # of Prior Lifetime Arrests 
SEXOFF Dummy 1 = Sex offense lead to the most recent incarceration 
VIOLOFF Dummy 1 = Violent offense lead to the most recent incarceration 
DRUGOFF Dummy 1 = Drug offense lead to the most recent incarceration 
PROPOFF Dummy 1= Property offense lead to the most recent incarceration 
EXPECSENT Continuous Sentence leng!h (in months} 
TableS: PSM 
Regression Results 
Variables FJ.oridJt Illinois New York North Caroljna te~a$ 
Constant -1.21 *** -1.44*** 1.17 -.077 .833* 
(-3.99) (-3.75) (1.35) (-0.19) (1.83) 
RACE -.079 -.625*** -.535 .094 -.061 
(-0041) (-2.75) (-1.03) (0.38) (-0.20) 
CONFAGE .107*** .041 ** .009 -.059*** -.041 * 
(6.76) (2.02) (0.18) (-2.89) (-l.71) 
CONFAGESQ -.001 *** -.001** -.0001 .0006** .0002 
(-5.31) (-2.28) (-0.14) (2.16) (1.15) 
RACEAGE -.005 .015** .01 5 -.005 .004 
(-0.73) (2.06) (0.84) (-0.65) (0.55) 
NOPRIOR -.001 -.031 *** -.022*** .0262*** .020** 
(-0.31) (-5.70) (-2.92) (3.55) (2.57) 
EXPECSENT .009* .003 .027 .010*** .0001 * 
(1.84) (0.55) (1.32) (1l.76) (1.82) 
SEXOFF -.684*** .557*** .261 .440*** .127 
(-5.87) (4.13) (1.12) (3.22) (0.85) 
VIOLOFF -0409*** 0481 *** -.130 .002 .112 
(-3.28) (3.35) (-0.52) (0.02) (0.67) 
DRUGOFF -.012 .321 ** .281 -.006 -.083 
(-0.10) (2.21) (1.15) (-0.05) (-0.51) 
PROPOFF -.069 .354** . 291 -.229* -.084 . 
(-0.56) (2.52) (1.25) (-1.66) (-0.54) 
Pseudo R-Squared 0.078*** 0.059*** 0.021 *** 0.129*** 0.012** 
N 2,393 2,007 1,548 1,666 2,294 
*** Denotes statistical significance at the 1 % level 
** Significance at the 5% level 
* Significance at the 10% level 
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ChartF 



















t Observation with the crosshatch was removed prior to running the propensity score regression model for Texas. 
43 
Table 9: 
PSM Results- Florida 
Post-Matching Means Test 
Variable Sample Treat~d Control T -statistic P>ltl 
RACE Unmatched .43581 .50935 -3.28*** 0.001 
Matched .45007 .45152 -0.05 0.957 
RELAGE Unmatched 35.466 31.724 8.27*** 0.000 
Matched 35.403 36.123 -1.37 0.172 
NOPRIOR Unmatched 9.2898 7.1755 5.46*** 0.000 
Matched 9.3661 10.226 -1.79* 0.074 
PROPOFF Unmatched .20789 .13957 3.89*** 0.000 
Matched .19537 .21852 -1.06 0.288 
DRUGOFF Unmatched .18551 .11942 3.95*** 0.000 
Matched .20839 .17366 1.64 O.1OI 
SEXOFF Unmatched .36219 .50072 -6.32*** 0.000 
Matched .36324 .39797 -1.33 0.184 
VIOLOFF Unmatched .14134 .18273 -2.55** 0.011 
Matched .13169 .12156 0.57 0.572 
TIMESERV Unmatched 30.573 32.601 -1.27 0.205 
Matched 28.577 30.601 -1.41 0.158 
VOCPART Unmatched .85925 .72622 7.77*** 0.000 
Matched .86975 .76700 4.99*** 0.000 
CONDREL Unmatched .71166 .66089 2.45** 0.014 
Matched .71014 .70000 0.41 0.680 
*** Denotes significance at the 1 % level 
** Significance at the 5% level 
* Significance at the 10% level 
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Table 10: 
PSM Results - Florida .  
Histogram of Propensity Scores . 
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PSM Results - Dlinois 
Post-Matching Means Test 
Variable Sample Treated Control T -statistic P>ltl 
RACE Unmatched .53469 .65876 -4.91 *** 0.000 
Matched .58711 .58234 0.14 0.889 
RELAGE Unmatched 31.955 30.901 2.14** 0.032 
Matched 31.284 31.424 -0.22 0.829 
NOPRIOR Unmatched 5.2816 8.3362 -6.98*** 0.000 
Matched 5.6802 6.0501 -0.86 0.391 
PROPOFF Unmatched .17551 .24210 -3.04*** 0.002 
Matched .19570 .17661 0.71 0.478 
DRUGOFF Unmatched .14694 .19037 -2.16** 0.031 
Matched .15990 .13126 1.17 0.240 
SEX OFF Unmatched .42857 .26868 6.65*** 0.000 
Matched .37232 .41289 -1.20 0.230 
VIOLOFF Unmatched .20204 .18750 0.70 0.482 
Matched .21718 .22196 -0.17 0.868 
TIMESERV Unmatched 30.147 22.063 5.34*** 0.000 
Matched 29.037 25.138 1.89* 0.060 
VOCPART Unmatched 0 0 
Matched 0 0 
CONDREL Unmatched .98807 .9642 2.27** 0.024 
Matched .98367 .97055 1.57 0.117 
*** Denotes significance at the 1 % level 
** Significance at the 5% level 
* Significance at the 10% level 
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Table 12: 
PSM Resu.lts - illinois 
Histogram of Propensity Scores 
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Denotes significance at the 1 % level 
Significance at the 5% level 
Significance at the 10% level 
Treated Controls ATT 
.082 .529 -.447*** 
(-18.88) 




PSM Results - New York 
. Post-Matching Means Test 
Variable Sample Treated .. Control T -statistic · P>ltl 
RACE Unmatched .55376 .59935 -1.44 0.150 
Matched .51464 .53556 -0.65 0.518 
RELAGE Unmatched 33.112 32.406 1.26 0.206 
Matched 32.742 32.920 -0.33 0.741 
NOPRIOR Unmatched 8.217 10.046 -3.31 *** 0.001 
Matched 6.9728 7.249 -0.73 0.467 
PROPOFF Unmatched .22026 .22476 -0.17 0.865 
Matched .26151 .24895 0.44 0.657 
DRUGOFF Unmatched .18810 .17264 0.62 0.532 
Matched .20711 .21967 -0.47 0.636 
SEXOFF Unmatched .33842 .27362 2.17** 0.030 
Matched .34519 .36402 -0.61 0.543 
VIOLOFF Unmatched .15113 .20195 -2.17** 0.030 
Matched .09833 .08787 0.56 0.578 
TIMESERV Unmatched 42.067 38.44 1.50 0.135 
Matched 37.798 40.234 -1.05 0.292 
VOCPART Unmatched .69330 .34127 10.57*** 0.000 
Matched .68405 .32124 10.34*** 0.000 
CONDREL Unmatched .84727 .87296 -1.14 0.256 
Matched .86820 .88703 -0.89 0.375 
*** Denotes significance at the 1 % level 
** Significance at the 5% level 
* Significance at the 10% level 
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Table 14: 
. PSM ResultS - New York 
JIistogram of Propensity Scores 
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PSM Results - N~ · Carolina 
Post-l\fatching MeaDs Test 
Variable Sample Treated Control T-statistic P>ltl 
RACE Umnatched .62550 .63746 -0.46 0.642 
Matched .62032 .63369 -0.38 0.706 
RELAGE Unmatched 30.401 31.398 -1.96** 0.050 
Matched 30.606 29.533 1.58 0.114 
NOPRIOR Unmatched 5.3725 4.9253 1.64* 0.009 
Matched 5.4144 5.2299 0.47 0.641 
PROPOFF Umnatched .22112 .27062 -2.13** 0.034 
Matched .23797 .25134 -0.42 0.671 
DRUGOFF Unmatched .22311 .24570 -0.99 0.321 
Matched .26203 .25936 0.08 0.934 
SEXOFF Unmatched .31076 .16924 6.56*** 0.000 
Matched .24866 .25668 -0.25 0.801 
VIOLOFF Unmatched .17928 .18299 -0.18 0.857 
Matched .16578 .14439 0.81 0.420 
TIMESERV Unmatched 19.321 7.0772 15.85*** 0.000 
Matched 11.523 8.4924 4.18*** 0.000 
VOCPART Unmatched .41830 .19244 9.65*** 0.000 
Matched .34615 .22995 3.51*** 0.000 
CONDREL Unmatched .95989 .93011 1.79* 0.074 
Matched .94223 .95271 -0.90 0.370 
*** Denotes significance at the 1 % level 
** Significance at the 5% level 
* Significance at the '10% level 
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Table 16: 
PSM Results - North Carolina 
H~stogramof Propensity Scores 
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Denotes significance at the 1 % level 
Significance at the 5% level 
Significance at the 10% level 
Treated Controls ATT 
.512 .478 .034 
(1.28) 




, Table 17: 
PSM Results - Texas 
Post-Matching ·Means Test 
Variable Sample . Treated Control T -statistic P>ltl 
RACE Unmatched .42078 .40357 0.84 0.403 
Matched .41758 .42002 -0.10 0.920 
RELAGE Unmatched 33.954 34.621 -1.65* 0.009 
Matched 33.686 33.201 1.08 0.282 
NOPRIOR Unmatched 5.5085 5.2304 1.23 0.218 
Matched 5.4482 5.6664 -0.95 .3410 
PROPOFF Unmatched .22317 .23304 -0.56 0.574 
Matched .22327 .21899 0.25 0.803 
DRUGOFF Unmatched .17547 .19107 -0.97 0.334 
Matched .17536 .17109 -0.27 0.785 
SEXOFF Unmatched .30920 .29375 0.8 1 0.421 
Matched .29426 .30403 -0.43 0.666 
VIOLOFF Unmatched .18313 .16607 1.08 0.282 
Matched .17338 .18926 -0.83 0.405 
TIMESERV Unmatched 30.217 25.263 3.69*** 0.000 
Matched 30.148 30.767 -0.47 0.637 
VOCPART Unmatched .4276 .07411 21.23*** 0.000 
Matched .41392 .06349 18.24*** 0.000 
CONDREL Unmatched .79216 .78661 0.33 0.744 
Matched .79731 .76679 1.50 0.135 
*** Denotes significance at the 1 % level 
** Significance at the 5% level 
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Denotes significance at the 1 % level 
Significance at the 5% level 
Significance at the 10% level 
Controls ATT 
.378 -.002 
(-0.06) 
.422 -.047* 
(-1.66) 
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